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Introduction
Health is a very important asset: if you are healthy you are able to work or produce goods at home; health also plays an important role in financial planning and in consumption and saving decisions. Most people probably have a good sense what the word 'health' means; it is, however, difficult to capture health in a single measure. To measure 'true' health we preferably like to combine different sources of information, or dimensions of health, which could explain a person's latent health status. Many studies in this field use self-reported health status (SRH) as a summary measure of health. The SRH variable is typically based on a question in which people are asked to rate their own health on a five-point ordinal scale ranging from 'excellent health' to 'poor health'.
The SRH measure has proven to be a very useful measure of health but is sometimes criticized because it involves some biases. For example Crossley and Kennedy (2002) show that many persons tend to change their self-reported health status within the same survey.
Inconsistent reporting makes it difficult to analyze the evolution of health of a person over time as it reduces the persistence in health. Psychological factors, such as a person's mood might also influence the reported health status between waves. In addition to reporting bias, two persons with the same underlying health problems might report a different SRH, due to a difference in health perception; e.g. Lindeboom and van Doorslaer (2004) . Differences in health perception among age groups result in a biased life cycle health profile. In addition to measurement error and heterogeneity in health perception, SRH seems also sensitive to justification bias as was first mentioned by Bound et al. (1999) ; people outside of the labor market tend to justify their labor market status by reporting worse health in a survey.
Another disadvantage, at least from our perspective, is that SRH is only available for a relatively small sample of the population. As administrative data from medical registers become more widely available, there is a growing interest to use these data. Important benefits of large administrative data are the possibility to focus on very specific groups in the population and the absence of survey attrition-which is often related to a deterioration in health (Jones et al., 2006) .
In this paper, we estimate a health measurement model where we link survey data on SRH to a rich set of objective health conditions from medical records. Relying on objective health measures, instead of self-reported health conditions in survey data, has several advantages.
Objective health conditions do not suffer from justification bias and are less prone to reporting bias (Baker et al., 2004) . Even though the questions to measure health outcomes in the Health and Retirement Study (HRS) and other similar surveys such as SHARE, PSID and ELSA are very specific there is ample evidence that self-reported health outcomes in survey data are sensitive to reporting bias. Johnston et al. (2009) show that the large majority of individuals in the UK who are diagnosed with hypertension, which is a very common disease, do not report this in a health questionnaire, though the question is very clear. 1 Also measures like ADL, which are often used as 'objective' measures in health measurement models, may be prone to reporting bias. Shulman et al. (2006) , for example, find discrepancies between patients subjective reporting of ADL and IADL and their objective ratings.
On the other hand, SRH might contain information on 'true' health not being captured by the objective health conditions. It is important to take these unobserved individual differences in health into account, otherwise the persistence in health status might be underestimated. We account for unobserved individual differences in health as well as the persistence in unobserved health shocks by exploiting the panel dimension of our data.
One problem is that inconsistent reporting in SRH (i.e. measurement error) will reduce the estimated persistence in unobserved health. The Longitudinal Internet Study in the Social Sciences (LISS) panel, administered by CentERdata in the Netherlands, allows us to examine the existence of possible inconsistent reporting patterns. In addition to the standard SRH question, respondents are asked to report the change in their health compared to last year. For some respondents we notice inconsistent reporting by comparing the SRH measure and the self-reported change in health (SRCH) measure. For instance, some respondents state that their health did not deteriorate over the last year while they report being in worse health compared to last year, or vice versa. These inconsistencies cannot be explained by phenomena such as learning about health status over time, a change in social perception about certain health conditions, or medical innovations, since this would probably result in an up-or downward trend in SRH.
We use both measures of SRH to construct a 'corrected' measure of SRH which accounts for these inconsistencies. We show that this corrected measure substantially increases the estimated persistence in health.
Several methods have been put forward to construct a health index using survey data on SRH and on a vector of variables x, which measure objective health conditions. A useful overview of the different approaches proposed in the literature is provided by Kapteyn and Meijer (2013) , Lindeboom and van Doorslaer (2004) and Cutler et al. (1997) . Our method is closely related to the method proposed by Jürges (2007) which boils down to estimating an extended ordered probit model with SRH as dependent variable and objective health measures as explanatory variables. We will extend the approach of Jürges in three directions. First, we exploit the fact that we have panel data on SRH at our disposal. This allows us to take into account unobserved heterogeneity and the persistence in unobserved health shocks. Second, we are able to enrich the LISS survey data with a large set of health indicators stemming from administrative sources. This set of health indicators is very similar to the variables used in the latent health index developed by Poterba et al. (2010) who use measures collected in the HRS. Their latent health index is widely used in recent research, and well able to explain saving and retirement behavior as shown by Kapteyn and Meijer (2013) . Related studies to our work by Lange and McKee (2012) and Heiss et al. (2014) also emphasize the importance of using multiple 'objective' measures of health to construct a single index and to account for unobserved heterogeneity in health. Third, we account for inconsistent reporting in SRH which, not taking into account, reduces the estimated persistence in health. A good understanding of the persistence in health status is crucial for explaining saving behavior and designing health and long-term care insurance, among other things; see e.g. De Nardi et al. (2010) . The estimated health model allows us to predict health status for the population at large.
We account for the stochastic properties of unobserved differences in health. The advantage of using administrative data is that we can focus on specific subgroups that are usually small in surveys-such as the oldest-old-and that we overcome health related attrition in survey data.
We use the predicted objective health status for the large administrative data to study the evolution of health as individuals age. This allows us to answer important questions such as:
What is the likelihood of a deterioration in health at different stages in life and how persistent is this health shock? Does the evolution of health differ by socio-economic status and by gender? Do education and economic variables reduce the risk to get in poor health and how does this differ by gender?
Many studies, such as Case and Deaton (2005) for the US show, that women report a lower SRH than men and that the health status of men deteriorates at a faster rate than women. A recent study by Ross et al. (2012) for the US reports that the relationship between education and health is stronger for women than for men. One explanation for this gender gap is a difference in health perception rather than a difference in the prevalence of chronic disease between men and women. Another explanation could be that women are more inclined to mention health problems then men in a survey. Our health measurement model deals with both measurement problems. Contoyannis et al. (2004) analyze the dynamics of health status among British men using SRH, they do not find clear differences in the health persistence by education and income.
Our main results are as follows: First, using both the corrected and uncorrected measure of SRH shows significant differences in the estimated persistence in health. For both measures of SRH, objective medical conditions, such as having diabetes, affect SRH in a similar way; using the corrected SRH measure, however, substantially increases the persistence in health.
Second, we find that people of low socio-economic status are more likely to stay in poor health -independent from the measure we use. The age at which health starts to decline at a greater rate arrives earlier for males and persons with a lower level of education. Finally, we show that women on average are in worse health than men due to a higher prevalence of chronic diseases which have a relative detrimental effect on health. Woman's health seems to benefit more from having higher education than men. We also provide evidence that income and wealth are protective of health over and above education.
The outline of the paper is as follows. Section 2 explains the health measurement model. Section 3 extensively discusses the survey data set and administrative data. Section 4 discusses the estimation results of the health measurement model and the ability to explain the empirical patterns in for example SRH. Section 5 presents descriptive statistics on the persistence in health and the evolution of health over the life cycle. The final section concludes.
A longitudinal health measurement model 2.1 Different approaches to model health
Several methods have been put forward to construct a health index using survey data on SRH and on a vector of variables x, which measure health conditions or difficulties with activities of daily living.
Our method is closely related to the method proposed by Jürges (2007) who estimates an extended ordered probit model with SRH as dependent variable and objective health measures
x as explanatory variables. The extended ordered probit model assumes the existence of a single latent health index y * which is equal to x β. The value of the health index is predicted as follows:ŷ * = x β . Notice that self-reported health is only used in the construction of the index but not in the predication of the index. Poterba et al. (2010) use a somewhat different approach:
in their model latent health status not only directly influences self-reported health but also all other health measurements. This results in a factor analysis model from which they derive the first principal component as their health index. In the empirical analysis Jürges uses the first wave of the SHARE survey, which includes information of 22,000 individuals aged 50 and above from ten European countries. Like many others the author stresses that the SRH measure is not comparable across countries because of differences in reporting style. For this reason he does not use the standard ordered probit model in his analysis but an extended version of it which allows the threshold parameters to be different across countries, which is known as a 'cut-point shift'. Lindeboom and van Doorslaer (2004) point out that heterogeneity in reporting behavior could not only lead to a cut-point shift but also to a so-called 'index shift' in the β parameters of the latent health index. They propose some likelihood ratio tests to check whether cut-point shifting and index shifting are relevant phenomena. Jürges deliberately does not allow for a country specific β vector so that he does not need to choose a 'reference country' in the cross-country comparison of general health. 2 Lindeboom and van Doorslaer (2004) show that reporting not only varies across countries.
They present evidence for both 'cut-point shifts' and 'index shifts' across age groups and gender: females and older persons are more likely to understate their health status compared to males and younger individuals. 3 A possible explanation is that persons compare their health status relative to another person of the same age and gender-in some surveys respondents are actually asked to report their health status relative to another person of the same age. This implies that there is a flattened out age profile in SRH. Since we are interested in modelling 'true' health status over the life cycle it is important to take this difference in reporting style into consideration. Lindeboom and van Doorslaer (2004) find no clear evidence that reporting differs by socio-economic status; which is also shown by McFadden et al. (2009). 2 To be more precise, Jürges divides the estimated coefficientsβ by the difference between the highest and lowest predicted health level to come up with a predicted health index which takes a value between zero and one. These scaled coefficients are referred to as 'implicit disability weights'. Poterba et al. (2010) ranks the predicted health status in percentile scores.
3 The authors use cross-sectional data from Canada. It is well-known that in a cross-section study we cannot distinguish age effects from cohort effects. In other words the age effect could also be interpreted as a generation effect. In our study we use panel data to allow the threshold parameters to be cohort specific and not age specific.
Constructing a health index
In this section we introduce our longitudinal ordered response model in more formal terms. This model should enable us to predict a single latent true health index for individual i in period t by means of a set of health indicators x it from administrative sources. The ordered response model assumes a linear relationship between a latent health index y * it and x it :
where ε it represent unobserved factors influencing SRH which are not captured by the explanatory variables, such as lifestyle. We assume that this error term is standard normal distributed conditional upon x it : ε it |x it ∼ N (0, 1). Notice that the β parameter vector may vary across demographic groups. However, we do not allow for index shifting to keep the model parsimonious.
Since we are interested in the evolution of health over the life cycle, it is important to model the persistence in the random effect ε it . Persistence in health can be the result of (1) persistence in observed medical conditions, (2) serial correlation in the error term-for example the experience of recurring health problems after the diagnosis of a chronic diseases such as diabetes-or (3) because of unobserved heterogeneity, for example if unhealthy lifestyle increases the probability of experiencing health problems and this is not captured by the observed variables.
In light of these considerations, we assume that the error term ε it can be decomposed into a random individual effect c i and an idiosyncratic error term u it which represent unobserved health shocks:
Given these assumptions, σ 2 u = 1 − σ 2 c because var(ε it ) = 1. As we said above, the unobserved health shocks u it are likely to be rather persistent. We therefore model u it by means of an AR(1) process:
As we said before SRH is measured on a 5-point scale. We assume the following relationship between SRH it and the latent health index y * it :
where λ g = (λ g 1 , λ g 2 , λ g 3 , λ g 4 ) are the threshold parameters for demographic group g (λ g 0 = −∞ and λ g 5 = ∞). We allow the thresholds to differ by demographic group g to account for reporting heterogeneity in health ('cut-point' shifting). Based on earlier empirical work by Lindeboom and van Doorslaer, 2004 we distinguish on the basis of the variables 'gender' and 'year-of-birth cohort'. 4
We further assume that the thresholds as well as the β parameters are constant over time. The β parameters may change over time if medical innovations reduces the impact of certain medical conditions on SRH. In the empirical analysis we will formally test this assumption. We also test for 'index-shifting', the AR(1) structure of the error term and whether the autocorrelation of the error term and the random effect differs between gender and year of birth cohort.
Estimation of the health index model
In this subsection we explain how we estimate the 'structural' parameter vector θ = (β , σ 2 c , γ) .
For the explanation of the estimation procedure it is relevant to know that our survey data consists of four waves (see the data description in the next section). Estimation is done in several steps. First, we estimate for each demographic group g the multivariate ordered probit model where the dependent variables are SRH in waves 1 till 4. 5 Obviously, the vectors of threshold parameters λ g t , t = 1, . . . , 4 are also wave specific. The multivariate ordered probit model assumes the following relationships between the latent health indices and the explanatory variables:
The first step of the estimation procedure yields for each demographic group g an estimate of the following vector of 'auxiliary' parameters ξ
In the second step we apply a minimum distance estimation procedure in which we impose the restriction that the parameters of the index functions and the threshold parameters are not wave specific, i.e. η g 1 = . . . = η g 4 = η g = (β g , λ g ) . 6 This second step yields consistent estimates of the vector: θ * g = (β g , λ g , ρ g ) . In the third step we follow Jürges (2007) and apply a minimum distance step in which we impose the restriction that there is no 'index shifting'. In other words, we assume that β g = β and ρ g = ρ. In the fourth and final step of the estimation procedure we impose the restriction that the error term ε it can be decomposed into a random individual effect c i and an AR(1) distributed idiosyncratic term u it . These restrictions imply the following relation between the 'auxiliary' parameter vector ρ and the 'deep' parameters σ 2 c and γ:
Prediction of the health index in a large administrative data set
Next, we use the estimated parameters γ, σ 2 c and β to construct a health index for a large random sample of the Dutch population. The health index is a linear prediction of true health
where x itβ is the estimated conditional expectation of true health status given observed health indicators. As mentioned before, SRH is only used in the construction of the index but not in the prediction of the index. To correct for the stochastic properties of the error term we add a simulated composite residualc i +ũ it to x itβ , similar to stochastic regression imputation to restore lost variability in the data (Little et al., 2002) .
For the simulation of the composite error term we first assign each person an individual random effectc i by drawing it from a normal distribution with zero mean and varianceσ 2 c .
Next, we impute a value of the idiosyncratic error term in the first periodũ i1 by performing a random draw from a normal distribution with zero mean and variance 1 −σ 2 c . Finally we drawζ it , t = 2, · · · , T from a zero mean normal distribution with variance (1 −γ 2 )(1 −σ 2 c ) to simulateũ it for subsequent periods exploiting that u it follows an AR(1) process.
Data
We distinguish between two samples. SRH is significantly different at the 5 percent level for those who can and cannot be linked to administrative records. 9 The differences, however, are not substantial as can be seen in table 1.
Since we are interested in the working age population, we select all individuals of age 15 and older. The resulting sample consists of 16,720 observations. which can be either "poorer", "the same", or "better". If the change in the reported level of health does not correspond with the reported change in health, we will modify this measure as follows: (1) if the level improves or degenerates and no change is reported we assume that true health status remains the same; we adjust the level of health in the subsequent period by reducing/increasing the level of SRH by one unit. 10 is available for this group if observed in the LFS before a person permanently moves to a nursing home. As a result, educational attainment is also available for many persons who stay in a nursing home (although these people are not included in the analysis).
We link administrative health records (which we describe in the next paragraph) and records on income, wealth and education to the Municipal Population Register on the basis of a unique personal identifier. Wealth and income data are based on the national tax register and on data from banks, which are available for the whole population.
For a small number of individuals we are unable to link the data records on income (0.77% of the sample). We have checked whether this is related to the person's age or health status (i.e. proximity to death), but this seems not to be the case. We drop these observations from our sample.
From the administrative records on income and wealth we create a variable measuring total household wealth (net worth), a variable measuring net household income, a dummy for home ownership, variable measuring household size and dummy variables for labor market status.
Educational attainment refers to the highest level of completed education, according to the Standard Classification of Education (SOI). In the analysis we distinguish between three groups:
lower education (primary education or first stage secondary education), intermediate education (second stage secondary education) and higher education (University Bachelor or University Master or higher).
Again, we select all individuals age 15 and older since we are interested in the working age population. In addition we exclude persons from the year of entering a nursing home to make the sample comparable with the LISS survey. Table 4 shows the sample statistics. 
Administrative medical data
In the analysis we use dichotomous indicators of having a medical condition in a specific year.
We derive these medical conditions from two sources: (1) the use of prescription medication, and
(2) the main diagnosis responsible for hospitalization. The data about prescription medication is administered by the National Health Care Institute (in Dutch: Zorginstituut Nederland). In the data set the dispensed drugs is classified by the Anatomical therapeutic chemical (ATC) code.
With this code we identify the presence of specific medical conditions. We use the same mapping between a specific substance and medical condition as Lamers and van Vliet (2004) Table 5 provides an overview of the prevalence of medical utilization and the prevalence of medical conditions in both the LISS survey and the administrative sample. We distinguish between men and women in the LISS sample and the administrative sample. The prevalence of medical utilization and medical conditions is about the same in the two samples, as we would expect given that the LISS panel is a representative sample of the Dutch population. The LISS survey asks respondents, in addition to SRH, whether they are currently taking medicine at least once a week for a specified condition and whether the physician has told them that they suffer from a specific disease last year. We use this information to create an indicator variable of having a 'self-reported' medical conditions.
Column three of table 5 reports the self-reported prevalence of medical condition based on both questions. Comparing the self-reports to administrative records suggests that respondents tend to underreport medical conditions such as mental problems while for cardiac diseases and diabetes the prevalence is about the same. Bharadwaj et al. (2015) report similar discrepancies 11 Table 12 in the appendix describes the exact mapping of diseases to chronical conditions. 12 The LMR covers approximately 88% of all inpatient hospital stays (Van der Laan, 2013). 13 The analysis is primarily based on the prescription medication data. We use the hospital data as a sensitivity check. In that case we classify a person as having a disease if a condition is observed in either one of both sources.
in the US which they contribute to stigma about mental illness. This table shows the prevalence of hospital care, homecare, prescription drug use and chronic conditions (based on prescription drug information). We distinguish between men and women in the LISS sample and the large random administrative sample. 'Objective' indicates the objective health measures in the administrative data and 'Self-reported' indicates the self-reported health measures in the LISS survey. We first consider the model using only information on chronic diseases and do not consider inpatient treatment for the same chronical condition. In the first column of table 6 the 'uncorrected' SRH measure is the dependent variable. The estimated coefficients, of the impact of a disease on SRH, are displayed in order. All coefficients have the expected negative sign and are highly significant except for tuberculosis, which has the wrong sign but is insignificant, and glaucoma, which is insignificant but has the correct sign. It is informative to compare our results with other studies to interpret the magnitude of the effect of specific chronic illnesses on subjective health. In line with earlier clinical studies (see e.g. Sprangers et al., 2000 and Gilliam, 2003) we find that neurologic conditions, such as epilepsy and Parkinson's disease, have a sizeable negative association with perceived health. For diabetes, we find a relative large negative effect in comparison with other studies, and for rheumatic conditions a relative small association. For the other conditions we find a similar ranking of the coefficients.
Results

Health index
The lower part of table 6 reports the estimated threshold parameters. The estimates of the threshold parameters suggest that reporting behavior differs significantly across the five demographic groups which we distinguish in this study (cut-point shifts). If we only compare males and females born before 1945 with the same health index y * it it turns out that males are more positive about their health status than females: for instance, elderly females are more likely to report 'moderate' or 'poor' health than elderly males. There does not seem to exist large gender-specific differences in the reporting behavior of the 'middle' generation (born between 1945 and 1965) . The youngest generation (born after 1965) has a higher tendency to report that their health is 'very good' or 'excellent' than other generations. It should be stressed again that all the findings on reporting behavior hinges on the assumption that the β-parameters of the health index (cf. equation 1) do not differ across demographic groups.
The estimates of the parameters σ 2 c and γ imply that correlation between y * it and y * it−1 is equal to (1 − γ) · σ 2 c + γ = 0.70. This first autocorrelation coefficient is not that large: if we use these estimates to impute values of the health index in the administrative data set (cf. equation 5) we find that health evolves over the life cycle in a rather erratic way (i.e. big upward and downward shocks in the value of the health index). That is the reason that we also constructed a 'corrected health' measure to account for reporting error. Column two of table 6 reports the estimates of health index model with the corrected health measure as the dependent variable. It turns out that in this case the estimates of σ 2 c and γ are completely different:σ 2 c = 0.161 and γ = 0.856. We obtain a larger estimate for the first order autocorrelation coefficient of the health index y * it : 0.88 versus 0.70. For both measures of SRH, objective medical conditions, such as having diabetes, affect SRH in a similar way. Overall, the estimates of the β and threshold coefficients become slightly smaller in absolute value if we take the corrected SRH measure as dependent variable in the health index model instead of the uncorrected one.
In the previous estimations we did not account for inpatient treatment for the sam e chronical condition, which might influence the results. Inpatient treatment can either be interpreted as a health shock (first occurrence of the disease) or a treatment to cure someone's health. Column 3
shows the results when we combine the medical information on chronical conditions based on prescription drug use and hospitalization. We classify a person as having a disease if a medical condition is observed in either the hospital data or prescription drug data. We have excluded the insignificant disease groups glaucoma and tuberculosis and include the disease groups: Alzheimer, dementia and psychosis; osteoporosis and Paget disease; and migraine to the specification. The results are very similar to the results which only use the prescription drug data. For the added variables we find that both having Alzheimer, dementia or psychosis and having osteoporosis and Paget disease has a large negative influence on health.
Next, we analyze whether the results change if we estimate the index 'solely' on the basis of self-reported medical conditions as reported in the LISS survey. We therefore substitute the disease groups as observed in the administrative data (column 3 of To examine the fit of the health measurement model we use the estimated coefficients to predict the transition probabilities for the LISS sample. We calculate these in-sample predictions as follows:
, k, l = 1, . . . , 5
where the first-order autocorrelation coefficient equalsρ 12 = (1 −γ)σ 2 c +γ. Table 7 shows the in-sample predictions. A comparison of table 3 and table 7 shows that for both the uncorrected and uncorrected health measures the predicted and empirical transition probabilities agree reasonably well although the health measurement model assigns somewhat higher probabilities to the off-diagonal elements of the transition matrix. Table 8 shows transition probabilities for predicted health in the administrative sample by educational attainment. We construct predicted health status on the basis of the estimated thresholds. We use the thresholds of middle-aged males as a reference group for all individuals in the sample.
Persistence in health
The table shows that lower educated people are much more likely to stay in poor health than higher educated people (university bachelor or master). This does (by construction) not depend on using either the uncorrected measure or corrected measure. Table 9 shows the transition matrix by income quintile (only for the uncorrected measure). We observe a higher persistence of staying in poor health for low income households than for their high income counterparts. We do not observe important differences in health persistence if we stratify the sample by wealth quintile (Table 9 ). 15
Evolution of health status over the life-cycle
To describe the evolution of health over the life cycle we estimate fixed effects models on the administrative sample. The fixed effect captures unobserved time-invariant individual effects, such as cohort effects. The model contains a dummy for every age and is estimated separately by gender and educational level. We present the results for the linear prediction of health since the (un)corrected measure generates a somewhat erratic pattern for the highest age groups. As we estimate a fixed effect model we can only interpret the slope, or the evolution, in health status as people age, and not the difference in the (initial) level of health. For an easier comparison we let all figures start at zero. Figure 1 reports the estimated age pattern for both males and females. Health deteriorates with age; as from age 50 we observe that health starts to decline at a faster rate for both males and females. For both males and females we observe that health declines at a similar pace up to 15 We notice that the level of income and wealth also differs by age-group. Figure 3 stratifies the health profile for females by education. There are three important differences compared to the health profiles for males: First, for lower educated women, the gradient is less steep than for men. Second, for higher and intermediate levels of education the gradient is very similar to men, but the gradient stays relatively linear up to age 70; thereafter health starts to decline at a somewhat faster rate (but not as fast as for men). Finally, also for lower educated women, the increase in the deterioration of health starts at a later age and the gradient is less steep than for men.
These figures show two broad patterns. First, there is a strong gradient in education. Second, we observe a gender and education difference in the timing when the rate of worsening in health speeds-up. This moment arrives earlier for males and persons with a lower level of education.
Do education and economic resources reduce the risk to get in poor health and how does this differ by gender? Table 11 gives results from a regression of health estimated separately for men and women. The different models include dummies for the level of educational attainment (the reference category is lower education), income and wealth quantiles (the bottom quantile is the reference category), a homeowner dummy, a dummy variable for being married and a variable measuring household size. All estimated models account for age as well.
Women are on average in worse health than men. Woman's health advantages more from higher education than men. This even holds after controlling for economic resources. The results also suggests that economic variables as income and wealth are more protective for women's health than for men's health. A possible explanation is that poor health is in particular detrimental for household income when this affects the earning capacity of the main earner;
women more often work part-time than men. Indeed when we account for labor market status the association between income and health disappears for men. 
Conclusions
We construct a health measurement model where we combine survey data on SRH linked to a rich set of health measures from medical records. The estimated health model allows us to predict health for the population at large. We thereby account for unobserved heterogeneity and the persistence in unobserved health shocks by exploiting that we have panel data on SRH at our disposal. To account for inconsistent reporting patterns in SRH we introduce a 'corrected' health measure. We show that this 'corrected' measure substantially increases the estimated persistence in health.
We use predicted health to study the evolution of health as individuals age and the interaction with economic variables and education. We find that people of low socio-economic status are more likely to stay in poor health -independent from the measure we use. Studies using SRH usually find a weaker pattern.
The age at which health starts to decline at a greater rate arrives earlier for males and persons with a lower level of education. Finally, we show that women on average are in worse health than men due to a higher prevalence of chronic diseases that have a relative detrimental effect on health. Women's health seems to benefit more from having higher education than men. We also provide evidence that income and wealth are protective of health over and above education. Since a woman's health deteriorates at a lower rate over the life-cycle then the health of men, their health status will converge.
These stylized facts are able to explain the variation in the decline in health status for different socio-economic groups which is also reported in other studies using SRH (e.g. Case and Deaton, 2005) . However, we believe we find a somewhat higher level of decay for older persons than usually observed in studies using SRH.
In future research, we will use the health index in a structural life cycle model to explain the observed interaction between health, economic variables and education. 
